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Abstract We discusshardware/software co-processingon a hybrid processoifor a compute-and data-intensive multi-
spectralimaging algorithm, k-meansclustering. The experimentsare performedon two modelsof the Altera Excalibur
board,thefirst usingthe softIP core 32-bitNIOS 1.1 RISC processorand the secondwith the hard IP core ARM proces-
sor. In our experimentswe compareperformanceof the sequentialk-meansalgorithm with three differentaccelerated
versions. We considergranularity and syndronization issueswhen mappingan algorithm to a hybrid processar Our
resultsshaw that speed-upof 11.8Xis achieved by migrating computationto the Excalibur ARM hardware/softvare as
comparedo software only on a GigahertzPentium Ill. Speedupon the Excalibur NIOS is limited by the communication
costof transferring datafrom externalmemorythrough the processotto the customizectircuits. This limitation is over-
comeon the Excalibur ARM, in which dual port memoriesaccessibld¢o both the processomnd configurablelogic, have
the biggestperformanceimpactof all the techniquesstudied.
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1 Intr oduction

Over the pastten years,it hasbeenwell documentedhat configurabldogic processoreomposedf SRAM-
based-ield Programmabl&ateArrays(FPGAs)canaccelerateertainclasse®f compute-intense operationdy
oneto two ordersof magnitudeover Pentium-clasprocessorsHowever, asmoreexperiencenasbeengainedwith
FPGA processingit hasalsobecomeavidentthatthereis muchmoreto ary algorithmthana compute-intense
core. File I/0, outerloop managemen&ndotherhouse-kepingtasksmalke up the bulk of the sourcecode.t is
time-consumindo mapthesefunctionsonto hardwareandusuallynot profitablein termsof speedup it is better
to usehardwareto unroll aninnerloop for the maximumdataflow ratherthanto mapcomplex controlandl/O
functionsontohardware.

Thearchitecturef currentlyavailableFPGAcomputingplatformsdoesotlenditself easilyto hardware/softvare
co-processingFPGA boardstypically communicatewith a processowia an /O bus suchasPCl or VME. Not
only is the I/O bandwidthbetweenrhardware and software slow and pin-limited, but the systemoverheadto set
up a transactiorbetweenthe processoland FPGA boardis high. All thesefactorsdictatethat as much of the
computatioraspossibleoccurin hardware,andthatthe granularityof transactiorbetweerhardwareandsoftware
is bothlarge anddeterministic(so that operationscanbe scheduled)with minimal synchronizatiorbetweenthe
two.

Recently hybrid ConfigurableSystemon a Chip (CSOC)architecturesproposedsereral yearsago([12], [7],
[13]), have begunto appealascommerciabfferings([1], [18]). In contrasto traditionalFPGAs theseintegrated
systemffer a processoandanarrayof configurabldogic cells on a singlechip. On suchsystemsijt becomes



feasibleto have software and hardware communicateat clock cycle lateng ratherthan over a slow 1/O bus,
speedingip synchronizatiometweerthetwo. As aresult,a smallergranularityof operationshouldbe possiblen
hardwareascomparedo thecornventionalFPGAboardco-processor

As hybrid processorarestill not readily available,therehasbeento datelittle experiencewith mappingal-
gorithmsto thesedevicesand measuringperformance.In this papey we presenipracticalexperiencewith using
the Excalitur NIOS 1.1 andARM systemdor a compute-anddata-intensie applicationin remotesensingthe
k-meansclusteringalgorithm. We choosethis algorithmbecauset is readily parallelizablen a variety of ways,
and FPGA-basedicceleratiorof k-meanskernelloopshaspreviously beenreported[10]. We experimentwith
mappingk-meango two hybrid processorandevaluateperformancef threedifferentmappingtechniques.

2 K-Means Clustering of Multi- and Hyper-Spectral Imagery
2.1 Algorithm Overview

In amulti- or hyperspectralimage(SeeFigurel), each"pixel” is actuallya “hyperpixel,” avectorwith acom-
ponentfor eachspectralchannelin theimage. A representate hyperspectralimagemight contain512 x 512
hypekpixels,whereeachhyperpixel is a vectorof length224,andeachvectorcomponents 8 — 14 bits long.

In general k-meansproducesa partition of the pixelsin a multi-spectralimageinto distinct classesn sucha
way thattwo pixels in the sameclassare spectrallysimilar. A map of distinct classess a dataproductwith a
numberof applications,including quicklook generationdatacompressiorjll], imagerestoration[15], remote
sensingchangadetection14], andclutterreductionfor weaksignaldetection5].

The standardalgorithmis quite straightforvard. Eachiteration consistsof a single passover every pixel in
the dataset; during this pass,distancesare computedfrom eachpixel to eachof the K centers. The pixel is
assignedo the clusterto whosecenterit is closest.At the endof the passthe centersarerecalculatedrom the
new assignmentslf after aniteration, noneof the pixels are reassignedo new classeqso thatthe centersdo
not change)thencorvergenceis complete.Eachiterationof the k-meansalgorithmcanbe shavn to reducethe
in-classvariance put thefinal corvergedsolutionis alocal, andnot necessarilya global, minimum.

A large numberof variantshave beenconsideredof which we will discusgwo. Thefirstis a“block” k-means
(eg, seeRef.[17]). In this variant,afull iterationconsistsof a numberof passe®ver blocksof pixelsat atime.
Ratherthanwait until theendof thefull iterationto updatecentersthecentersareupdatecattheendof eachblock.
Sincethis givesthe centeramoreopportunitiego “migrate” to stablepositions the block k-meansalgorithmoften
achieves corvergencein fewer iterationsthan the standardapproach. Standardk-meansis the sameas block
k-meanswith block sizeequalto the numberof pixelsin theimage.

A secondvariantis a hierarchicalapproachandis basedon the obseration that corvergenceis usuallymuch
fasterif therearefewer classes.n this variant,onebegins with a small numberof classegusually2), andthen
performsoneor two iterations.Onethensplits eachclusterinto two by addinga small perturbatiorto the center
positions. This processs continueduntil the desirednumberof classeshasbeenobtained,and after that, the
ordinaryk-meanscontinuesuntil convergence.Note thatthis secondvariantcanemploy eitherstandardr block
k-meansterations.The classicLinde-Buzo-Grayalgorithm[11] for vectorquantizatioris a hierarchicak-means.

Both of thesevariantsentailafair amountof bookkeeping,comparedo thestandardalgorithm,andthevariants
alsointroducenew free parameters.Coding thesemore sophisticatedalgorithmsdirectly in hardware would
take a considerableeffort in hardware design. But a well plannedsoftware/hardware co-designwill allow the
hardwareto drive high-performancdastiterations,while the software cantake careof booklkeepingdetailsthat
mightleadto moreintelligentcornvergence githerby requiringfeweriterations,or by corverging to higherquality
solutiong[16]. For instancemoresophisticatedvariantsof the hierarchicalschemehatinvolve iterative splitting
andmeing [8] have beenshavn to produceeven higherquality clustering.Althoughwe do notimplementsuch
a sophisticatedlgorithm,to do sowould only involve modificationof the software— the hardware designwould
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Figure 2. Performance of three diff erent variants of the K-means algorithm.

beexactlythesame.

To illustrate the benefitsof thesevariants,a software-only simulationwas performedon an artifical dataset
with 5120 pixels andthreebands;the taskwasto clusterthesepixels into 256 distinct classes.Thesenumbers
correspondo acommonproblemin imageprocessinggivena 24-bitimagewith 8-bitred,greenandblueplanes,
find the “best” 256-colorpalettethat allows the imageto be displayedwith 8-bit pixels. Herethe clustercenters
would correspondo the RGB valuesof the colorsin the palette. The resultsshavn in Fig. 2 correspondo ten
separatérials (usingdifferentrandomnumberseedspf thethreevariants:thefirstis standark-meansthesecond
is block k-meansandthe third is hierarchicak-meanswith blocks. In-classvarianceis plottedagainstiteration
numbey andthe curves endwhenthe iterationshave completed.Block k-meanss seento achie/e high-quality
solutionsmuch morerapidly than standardk-means,and achieves final corverge in roughly half the iterations.
Hierarchicalk-meanscorvergesmoreslowly at first, but it still reachedts final corvergencein aboutthe same
numberof iterationsas block k-means. It also achieves higherquality solutionsthan either block or standard
k-meansandit achievesthosebettersolutionswell beforeits final corvergence.

In the experimentsthat we describelater in Section4.2, variantsof the block updatetechniquehave been
implemented. Becauseof limitations (limitations of memory primarily) in theseearly generationsof CSOC,
the parametersve emplogy in the hardware involve fewer pixels and fewer classegbut more channelsthanthe
datasetsusedin the experimentsabore. The hybrid processolapproachallows usto experimentwith software
parameterandtechniqueswhile usingthe samehardwaredesign.



1 while (pixel_move !'=0) {

2 pixel _nove = 0;

3 for (i=0; i<NB_PIXELS; i=i+B) {

4 for (b=0; b<B; b++) {

5 mn = MAX_I NT;

6 /* conpute distance: pixel <=> all classes */

7 for (k=0; k<NB_CLASS; k++) {

8 if (N_CENTER[ k]!=0) {

9 dist = 0;

10 for (d=0; d<NB_BANDS; d++)

11 dist = dist +

12 ABS (Pl XEL[i+b][d] - CENTER k][d]);
13 /* find min dist and associ ated cl ass# */
14 if (dist<=min) { min=dist; idx[b] = k; }
15 }

16 }

17 }

18 for (k=0; k<NB_CLASS; k++) change[k] = fal se;
19 for (b=0; b<B; b++) {

20 if (CLASS[i+b]!=idx[b]) {

21 pi xel _nove ++;

22 k = CLASS[i+b]; N_CENTER[K]--;

23 change[ k] = true;

24 for (d=0; d<NB_BANDS; d++)

25 ACO k] [d] = ACCIK][d] -

26 PI XEL[i +b] [d];

27 k = idx[b]; CLASS[i+b] = k; N_CENTER[K] ++;
28 change[ k] = true;

29 for (d=0; d<NB_BANDS; d++)

30 ACC k][d] = ACOk][d] + PIXEL[i+b][d];
31 }

32 }

33 for (k=0; k<NB_CLASS; k++)

34 /* reconpute centers if needed */

35 if (N_CENTER[ k]!=0 && change[ k] ==true) {

36 for (d=0; d<NB_BANDS; d++)

37 CENTER[ k] [d] = ACC[ k] [d]/N_CENTER k] ;

38 }

39 1}

40 }

Figure 3. K-means C Code

2.2 K-Means Implementation

Figure 3 shawvs the C sourcecodefor the maink-meandoop. A loop iterationscansall the pixels. For each
pixel we checkif it still belongsto its class. If not, the pixel is moved to anotherclassand the two centers
correspondindo boththe new andthe old classesareupdated.The numberof pixelsin a classis storedaswell
asthe sumaccumulatiomecessarjor recomputinghe classcentersln ourimplementationthe classcentersare
periodicallyupdatedevery block of B pixels. The distancemeasurecostfunctionis an approximationdescribed
in [3] well suitedto our datasetandis computedasthe absolutevalue of the differencebetweenpixel element
andcenterelement. This costfunctionis well suitedto todays configurablenardware. In software,the squared
differenceis usuallyused.

Thecomputatiorcanbesplit roughlyinto threeparts:thedistancecalculationbetweera pixel andaclasscenter
theaccumulatoupdate andthe centerupdate.In [9], we reporttheresultsof profiling thek-meansalgorithm.We
have foundthatthe mosttime consumingcomputationis the distancecalculationthat comparesachpixel value
to eachclasscenter(seelines3— 17 in Figure3). In the caseof 32 classesthis loop consumesnorethan99.6%



of thecomputatiortime. Thus,this calculationis the naturalcandidatdor acceleration.

Therearemary waysto accelerat&-meanson configurabldogic. Two differentacceleratiorapproachebave
beenreportedin [10] and[9] (see[4] for a summaryof [9]). Both methodsput the distancecalculation(lines 11
and12 of Figure3) in hardware.[10] pre-loadgheimageinto local memoryonthe FPGAboardandperformsall
computatiorexceptthefinal centermeancalculationin hardware. Thusthe entireimagemustfit in local memory
[9] streamgheimagepixelsthroughboard,andperformsonly the distancecalculationin hardware. It canhandle
arbitrarysizeimagesandscaleswell to alarge numberof classeslt incurscommunicatioroverheadn repeatedly
streamingheimagefrom the processoto the hardware.

3 Hybrid Processor:Model and Realizations

An abstractmodelof ahybrid processois shavn in Figure4. Thereis aRISCprocessowith avariablenumber
andsizeof bussesxonnectingt to configurabldogic. The RISC processoandconfigurabldogic sharememory
The configurabldogic consistsof a “seaof gates’alongwith a collectionof smallembeddednemorymodules.
We referto a hardware designin the configurabldogic asthe “userlogic” For somearchitecturesuchasthe
ARM, the processoand userlogic executein differentclock domains,so that synchronizatioris requiredfor
directcommunicatiorbetweerthetwo. The NIOS processoanduserlogic sharethe sameclock.

The NIOS soft core embeddedyrocessoffits on the APEX20K programmabldogic device (PLD). It is a
general-purposeipelined,single-issudRISCprocessocorewhich processemstructionsevery clock cycle. The
processomterfaceconsistof a userdefinedaddressnapwith differenttypes,widthsandspeed®f memoryand
peripherals A peripherabus module(PBM) is thelogic interfacebetweenhe embeddegrocessoandthe user
logic. This bus moduleis generatedby the NIOS toolsaccordingto the userconfigurationspecified.(seeFigure
5 andFigure6). Peripherainterfacesincludea UART, timer, SRAM, FLASH, userdefinedParallel Input/Output
(P10), and Memory-mappednput/outputports (seeFigure 6). The NIOS 1.1 processowith a 32-bit datapath
configuratiorutilizes 20% of the availablelogic elementonthe APEX20K200E(1700logic elements) We have
implementeda userdefinedPlO (Section4.1) anda memory-mapped/O (Section4.2) portsfor communication
from the processoto the userlogic.

TheNIOS Excalilbur approximateshe abstracmodel,with someimportantdifferencesOntheNIOS, theuser
logic cannotaccesghe Instructionand Data SRAM directly. Sincethe NIOS is a soft IP core,thereis a single
clock controllingboth processoanduserlogic. As the NIOS designis heavily pipelined,a RISCinstructioncan
executeevery clock cycle (in theabsencef branches)However, we measuré)(10)clock cyclesto sendasingle
32-bitnumberfrom NIOS processoto userlogic dueto addresgeneratioron the processoanda multi-cycle bus
transactior(seeSection4.1below).

The ARM-basedhard core embeddegrocessoffits on an APEX20K PLD. In additionto the processqrthe
EPXA10has38,400logic elementr 1 million gates.The PLD architectureconsistsof anembeddegbrocessor
bus structure,on-chip memory andperipherals.Figure 7 shavs the ARM structure. The embeddegrocessor
stripecontainghe ARM processocore,peripheralsandmemorysubsystemQOur systemhas256KB and128KB
of single-anddual-portmemaoryrespectely.

The ARM922T processocoreis implementedusinga five-stagepipeline. This implementatiorallows single
clock-gycle instructionoperationthroughsimultaneougetch, decode gxecute,memory andwrite stages.t sup-
portsboththe 32-bit ARM and 16-bit Thumbinstructionsets[2]. Two AMB A-compatibleAHB busessene the
ARM-basedembeddegrocessorThreebidirectionalAHB bridgesenablethe peripheralsandPLD to exchange
datawith the ARM embeddegbrocessor

The PLD canbe configuredvia the configurationinterface or the embeddegrocessoto implementvarious
devicessuchas: a masterand/orslave peripherathatconnectgo the embeddedus; on-chipandoff-chip mem-
ories sharingthe stripe; standardnterfaceto on-chipdual-portRAM (allowing SRAM to function asa ‘large’
embeddedystemblock (ESB)).
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Figure 5. NIOS Processor Architecture

The master/slee/memoryports are synchronoudo the separatd®PLD clock domainsthat drive them. The
embeddegrocessodomainandPLD domaincanbeasynchronougp allow separate/optimizedockfrequencies
for eachdomain. Resynchronizatiomcrosshe domainsis handledby the AHB bridgeswithin the stripe. Both
the masterport and slave port of the stripe are capableof supporting32-bit dataaccesseto the whole 4-Gbyte
addressange(32-bitaddresdus).

Our applicationneedshigh-datarate communicatiorbetweenthe processolnd userlogic which is realized
in two ways: usingthe AHB buses/bridge$Section4.2); andthe userdefinedconfigurationinterfaceto on-chip
dual-portRAM (Section4.3).

4 Mapping K-Means onto a Hybrid Processor

4.1 Iteration 1: Speedingup DistanceCalculation

We approactthe problemof mappingk-meangto a hybrid processoincrementally Sincethe mosttime con-
sumingoperationis the distancecalculationloop, we first mapthe kernelof thatloop to hardware, with all the
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Modi fi ed C Code:

11 host 2user->np_piodata = (PI XELS[i +b][d]) + (CENTERS[Kk][d] <<8) + (dist<<16);
12 di st = user2host->np_pi odat a;

41 np_pio *ul _reset = (np_pio *) na_u_reset;
42 np_pi 0 *host 2user (np_pio *) na_host2user; /* PIO bus */
43 np_pi o *user 2host (np_pio *) na_user2host; /* PIO bus */

VHDL for Distance Cal cul ati on:

Pi x <= Host2U ogi cData(7 downto 0);
Cent er <= Host 2Ul ogi cDat a(15 downto 8);
Di stln <= Host2U ogi cData(31 downto 16);

di st _process: process(d k, Reset)
begi n
if (Reset = '1")then
U ogi c2Host Dat a <= x"00000000";
elsif rising _edge(dk) then
if (conv_integer(Pix) > conv_integer(Center)) then
DistQut <= Distln + (Pix - Center);

el se

DistQut <= Distln + (Center - PiXx);
end if;
U ogi c2Host Dat a <= x"0000" & Di stCQut;
end if;

Figure 8. Hardware Acceleration of Distance Calculation

othercoderemainingin software. This highlightsone of theimportantadwvantageof a hybrid processo(see[6]

for amoredetaileddiscussiorof this point), namelythatit is easywith suchanarchitecturdo incrementallyinsert
hardware acceleratiorinto a software program. We replacea single statementn the C program(line 11 and12
from Figure3) with awrite to andareadfrom theconfigurabldogic. Thehardwareis acombinationalogic circuit
with a 32-bitinputregisterconsistingof the distancethe currentpixel andcurrentcenter Thecircuit performsthe
indicatedsubtractionabsfunctionandaccumulatiorandreturnsthe updatedvariabledi st . Figure8 shavs both
themodifiedC codeandthe VHDL for this versionof thealgorithm.

In this example lines 11 and12 of Figure3 arereplacedoy a write to a parallell/O portto sendthe datato the
configurabldogic anda readfrom anotherparallell/O port to retrieve the result. The datais sentandreceved
througha setof userdefinedbusseqseelines42 and43in Figure8).

This hardwarelogic takeslessthan1% of the chip anddoesnot affect the clock frequeng of the chip. Onthe
Excalikur, the 32-bit NIOS processoplusthe userlogic occupy 49% of thelogic elementon the chip ata clock
frequeny (fMax) of 34.51MHz. Sincewe have previously notedthatthe distancecalculationby far dominates
the computationtime, we might expectthe hardware acceleratiorof this key computatiorto significantly speed
up the k-meansrun time. Therearetwo subtractsandoneaddin the distancecalculation. The RISC processor
takesatleastoneclock cycleto executeeachof theseinstructions. All threearedonein oneclockcyclein theuser
logic.

In this experiment,the software-onlyand hardware-assistestersionsweremeasuredor speedwith respecto
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the loop over B pixels. For 64 pixels, with 8 classesand8 bands,the B loop for the hardware-assistedersion
was50% slower thanthe sequential . This resultis dueto a combinationof factors.First, althoughthe arithmetic
operationgsubtractandanadd)have beenaccelerateih hardware,we have addeda costby communicatinghe
distancecenter andpixel valuesto the userlogic andreadingbackthe updateddistance Measuringthe distance
calculationonly, the hardware-assistedersiontakes 35 cycles verses25 cyclesfor the software-only As the
amountof datato be sentto theuserlogic is increasedthe communicatioroverheaddominategheruntime.

In anexperimentto quantifythecostof sendingasingle32-bitvaluefrom processoto userogic, we determined
that on the Excalitur with a 32-bit NIOS processarit takes 11 clock cycles to sendone 32-bit value from
processoto userlogic usingmemory-mappetO or parallell/O ports,whichis al2MB/srateassuming 33MHz
clockfor bothprocessoanduserogic. Thiscommunicatiorcostmorethanoffsetsthegainof performingmultiple
arithmeticoperationsn parallel. Secondevenif we couldcommunicatea word betweerprocessoanduserlogic
in asingleuserogic clockcycle by increasinghe processoclock speedy afactorof 10, thereis still asignificant
amountof addresscalculationcodein the innermostloop that is performedsequentially Thusthe fraction of
parallelcoderelative to theamountof sequentiatodeis quite small,which, by Amdahl’s Law, is alimiting factor
to speedup.

This result—a slovdown whenthe distancecalculationkernelis mappedo hardware—is alsoobsered onthe
Excalibur ARM. Measuringthis distancecalculationon the ARM, we found the sequentialersiontook 0.08us
comparedo 0.4usfor the “acceleratedversion. The costof communicatinghroughmultiple bussesandbridges
yields a 5X slow down in speed.Our conclusionfrom this experimentis that communicatiorcostcontinuesto
be critical to determiningthe granularityof the custominstruction. Co-locatingthe processoanduserlogic on
a singledevice is no guarantedhat arbitrarily fine granularity operationsmappedonto userlogic will improve
performance.

4.2 lteration 2: Parallelizing acrossClasses

Our secondapproactocuseson increasinghe granularityof operationrmappedo hardware. By unrolling the
loop over all classe®n lines 7-16 of Figure 3, we cancomputeall distancesn parallel. Theideais to flow the
pixel streamthrougha linear array of cells, whereeachcell correspondgo a class. Eachcell holdsthe center
for its classin local memory The cell computeghe distancebetweerits classandthe currentflowing pixel, and
updateghe current“best” classthat hasbeenfound for eachpixel (i.e., the classwith minimum distanceto the
pixel). The new classcomputedor the pixel is returnedto the processqrandnew classcentersarecomputedoy
the processarPeriodically a new setof centerdss streamedo the arrayof cells. The cell array (for 8 classes)s
shawvn in Figure9, andthe computatioreachcell performsis shavn in Figure 10.

IThisincludes2 wait states.



i ndex = ny_processor _nunber;
while (! end of stream {
di st = 0;
for (d=0; d<NB_BAND; d++) {
streamread (pixel);
dist = dist + ABS(pixel -center[d]); streamwite (pixel);

}

streamread (left_dist, left_index);
if (dist <left_dist) {

left _dist = dist;

| eft_index = index;

}

streamwite (left _dist, left_index);

Figure 10. Hardware Acceleration of Unrolled B loop

Thealgorithmoperatesasfollows:

First, the centersaresentto the cell arrayin userlogic, with eachcell storingthe centerassociatedvith its class
in local memory The cell arrayrecevesa block of pixels, and computeghe minimum distancefor eachclass,
returning,for eachpixel in the block, the index of the classfor which a minimum distancels found. The pixel

vectorhas8 bandswith four 8-bit bandspacledinto one32-bit word. Two writesto userlogic arenecessaryo

sendonepixel. Theinput data(pixels andclasscenters)s sentto the userlogic througha userdefinedmemory-
mapped/O bus,*ram Theassociated codeis shavn in Figurell, replacinglines7 — 16in Figure3.

Thesoftwareusesavectorof indices,idx[B] to recomputghecentersthensendgheupdatedtenterdackto the
userlogic. Thealgorithmcontinuesevaluatinganothemlock of B pixels,andupdatingcenterauntil NB_PIXELS
have beenevaluated.Thealgorithmiteratesuntil no morepixels changeheir associatiorwith a class.

Asin iterationl, thesoftware-onlyk-meansalgorithmrunsontheNIOS 1.1 processorTheaccelerateémeans
versionrunson both the NIOS 1.1 processomlndthe userlogic gatesof the APEX20K. In this experimentwe
timed the numberof cyclesrequiredto sendupdatedcentersto the hardware (centerupdateloop), the distance
calculationloop (B loop), andthe total numberof cyclesto completethe entire program. As shavn in Figure
12,theacceleratedersionhas25X speedupn the distancecalculationloop andanover all 6X speedugpver the
software-onlyversion.

Motivatedby the analysisdescribedn Section2.1, we studiedperformanceof the acceleratedrersionwith
differing block sizes. The resultsshavn in Figure 12 arewith block size 1, sothatB = 64 = NB_PIXELS. By
varying the block size,we can measurdhe effect of centerupdate(copying the newv centervaluesto the user
logic) on overall runtime. Updatingthe userlogic centergakes846 cyclesevery B iterations.As B increasesthe
numberof timesin the centerupdateloop decreasesAlso, asB increasesmore pixels aresentto the userlogic
atatime andthe numberof timesthe softwareloop instructionsmustbe executeddecreasesiVe foundfor B = 1,
thedistancdoop speedups 13X. For B=4, the distancdoop speedups 20X. For B=64, the speedups 25X (see
Figurel2).

As predictedin Section2.1 our resultsshav thatthe block k-meansalgorithmachieres corvergencein fewer
iterationsthanthe standardapproachi.e. B = 64 = NB_PIXELS. (Theblock k-meansonvergedin 4 passesvhile
thestandardk-meansornvergedin 6 passes.However, overall runtimeis fasterfor standardkmeansasdescribed
above. Also, by alteringthe software (but not the hardware design),we wereableto implementthe hierarchical
k-meansalgorithmdescribedn Section2.1. While simulationsshaw this approacltanleadto fastercorvergence
and/orhigherquality solutionsin somesituationgeg, seeFigure2), we did notexpect(or obsere) actualspeedup
for the paramtersn our system(NB_PIXELS = 64).



/* Send Centers to user logic */
for (k=0; k<NB_CLASSES; k++)

{
*ram = ( FLAG CENTER + (k<<8) + (1<<16));/* send center flag, class no. = k */
for (d=0; d<NB_BANDS; d = d+4)
{

*ram = CENTERS[K][d] + (CENTERS[K][d+1]<<8) +
( CENTERS] k] [ d+2] <<16) + ( CENTERS[ k] [ d+3] <<24) :

int *ram= (int *) na_user; /* menmory mapped nios user logic register */

uni on packed_pixel {
i nt seqgpixel; //sequential code, pixel data(8 bits)
unsi gned char upixel[4]; //ulogic, pixel data(32 bits)
} ul ogi c_pixel s NB_PI XELS] [ (NB_BANDS/ 4) ];

*ram = FLAG PI XELS + (B<<16); /* control word = send pixels to user logic */
for (b=0; b<B; b++) { /* for B pixels */
for(d=0; d<2; d++) { /* for NB_BANDS */
*ram = ul ogi c_pixel s[i+b][d].seqpixel; /* Send 4 8-bit bands to user logic */
}

idx[b] = *ram /* read the index fromuser logic */

}

Figure 11. C Code for Accelerated Kmeans version



Sequential Accel SpeedJp
Cycles | Time(us)| Cycles | Time(us)
CenterUpdateloop 0 0 846 26 NA
SendB Pixelsloop | 598101 18124 | 23790 721 25X
Total Algorithm 687313 20828 | 112443| 3407 6X
Figure 12. Results for NIOS iteration 2 (B=64)
Sequential Accel SpeedJp
Cycles | Time(us)| Cycles | Time(us)
CenterUpdateloop 0 0 1482 14.8 NA
SendB Pixelsloop 62754 627 14926 149 4X
Total Algorithm 406982 4069 | 128006| 1280 3X

Figure 13. Results for ARM iteration 2 (B=64)

This algorithm was also mappedto the ARM system. In comparisonto the NIOS, the ARM architecture
emplo/es a hard core RISC processorat 200MHz with two bussesat 200MHz and 100MHz respeciily. The
100MHz bus connectghe processoto the programmabléogic device (PLD), APEX20K (seeFigure?). Dueto
differencesn clock speedandcommunicatiorbetweenNIOS andARM, the userlogic designfor the ARM had
to be slightly modifiedto synchronizehe bus communicatiorwith the ARM. Explicit synchronizatiorwasnot
requiredon the NIOS for readingandwriting datato the userlogic becauseéhe communicatiortime to sendand
receve datais slower thanthe speedof the processoanduserlogic. For the ARM, bus synchonizatiorrequires
theuseof areadreadysignalandawrite readysignalfrom theuserlogic. The hardwaredesigntook 0.05%of the
userlogic logic elementon the PLD at a speed33MHz. With the200MHz ARM clock, the processowasidle
muchof thetime, waiting for the hardwareto complete As with theNIOS, we usedparametersiB_PIXELS=B =
64. Thetiming resultsareshavn in Figure13. Herewe seea muchmoremodestspeed-upver the software-only
version.This s principally dueto thefactthatthe NIOS runsat 33MHz whereaghe ARM runsat 200MHz. The
ARM software-onlyversionis inherentlyfasterthanthe NIOS, while the userlogic staysaboutthe sameon both.

4.3 lteration 3: Exploiting Dual Port Memory

We demonstrateéhe advantageof a dual portedmemorybetweenthe processorlanduserlogic with a new k-
meansco-designimplementedn the Excalitur ARM hybrid processorThis featureis not easilyavailableon the
NIOS. For our k-meansexperimentthe processopassedo the dual portedmemorytwo arrayscorrespondingo
the classcenters,anda block of B pixels. The processoreadsbackan arrayof B results. A resultis anindex
of the classwhich givesthe smallestdistancebetweerthe pixel andits center As shavn in Figure14, a separate
bridge(AHB) betweerthe processoanduserlogic is usedto configurethe userlogic dual-portaccesontroller
andto commandandsynchronizehe userlogic to the processorThe ARM processocanonly issuea command
to theuserlogic whentheuserlogic is ready

In ourimplementatiorthereare3 commands:

e Thefirst commanddefinesthe baseaddresf the centerarrayin the dual portedmemoryalongwith the
numberof spectralbandsand the numberof classes. The userlogic loadsthe classcenterswhen this
commands receved.

e The secondcommandspecifiesthe baseaddresof the pixel array the numberof spectralbands,andthe
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Figure 14. Dual PortMemoryImplementation

number32-bit wordsto read. The latteris NB_PIXELS/4, asthe hardvareis designedo processt pixels
every clock cycle. The userlogic processethe distancecalculationwhenthis commands receved.

e The third commandspecifiesthe baseaddressof the resultsarrayto go backto the processor The user
logic storesthe resultsat this location. In our implementatiorthis commands only sentonce. Theresults
overwritetheindexespreviously calculatedlt is possiblego speedipthecalculationby pipeliningthecenter
update(performedoy the ARM) while the userlogic computesiew indices.In this casewe would needto
senda differentresultarrayaddresst the beginning of eachiteration.

A new hardware designwas createdso that datacould be consumedat the memoryaccesgate. In contrast
to the systolicdesignof Iteration 2, in this designthe distancecalculationis executedin parallelby an array of
32 processingelementsorganizedas four rows of eight processors.Thereis onerow for eachpixel and eight
processorin therow, onefor eachclass. The distancematrix is storedin a transposedormat, with each32-bit
word containinga spectrabandfrom eachof four pixels.

The processingelementsreceve pixel datafrom the dual port memoriesand classcentersfrom 8 separate
memoriesM; connectedo eachcolumn. The userlogic processingate matchegshe userlogic memoryaccess
rateof onetransactiorperclock cycle. Theuserlogic is atwo stagepipeline,thefirst stagecomputeshedistance
andthe secondstagecomputeghe classindexesthatcorrespondo the minimumdistancebetweerthe pixelsand
the classcenters.The dual portedmemoryis organizedas16K X 32 bit words,whereeachword containsfour 8
bit spectrabandsorganizedasfour spectrabandsfrom four differentpixels.

The processingime is for Iteration3 is (B/4 x (maxNB_BANDS + coefl+ coef2), NB_.CLASS — 1) +
NB_CLASS+ 1 cycleswherethe coeficient coefl=1andcoef2=1. Coeflcanbereducedo O if the dualport
memoryis anasynchronousnemoryinsteadof a synchronouwnethathasa oneclock lateny betweernaddress
anddata.Coef2is introducedby pipeliningin the processinglementetweerthe absolutevaluecalculationand
accumulationResultsshavn in Figure15 arefor NB_.CLASSES= 8, NB_BANDS = 8, B = 8, 8-bit pixel data.



Sequential Iteration2 Iteration3 SpeedJp | SpeedJp
Cycles | Time(us)| Cycles | Time(us)| Cycles | Time(us)| OverSeq.| Overlter2
SendCenterdoop 0 0 1482 14.8 246 2.4 NA 6X
SendB Pixelsloop 7867 78.6 1925 19.2 138 1.3 60.5X 14.7X

Figure 15. Results for ARM accelerated version 2 (B=8)

Theoreticallyat 33MHz theuserlogic needsabout0.87microsecond$o calculateheindicesfor 8 pixelscom-
posedof 8 bandsand8 classesFigure15 shavs a measuredime of 1.3us,for completionof the synchonization
andcalculationsn theuserlogic. (Synchronizatioriime is the differenceof thesetimes,0.43us.) Iteration2 user
logic needsl9usfor thesamecalculationsgiving aspeedumf 14.7Xover lteration2 in thedistancdoop and60X
speedumver software-only(labeled'Seq’ in Figurel5. Accelerations still limited by the 32 bit communication
bandwidthbetweerthe processoandthe userlogic. The ARM is connectedo the dual port memoryby abridge
andaccesdy the ARM is eighttimesslowver thanaccesso the ARM’ slocal memory We notethatit is desirable
to have a wide datapathfrom the userlogic to memoryandto have the memoryworking in asynchronousnode
in orderto speedup processing.

Finally, we comparehe speedof this designto a corventionalhostcomputersuchasa 1GHz Pentium-Ill. For
NB_PIXELS=B = 64,we measure@5usto performoneB loopiterationof thealgorithm,i.e. distancecalculation
loop. The centerupdatecantake from 2usto 20us,dependingon the numberof centerghatneedto be updated.
For a run with mary iterations,only the early iterationswill take the longertime; thusthe time requiredfor B
loop iterationsis dominant. The userlogic theoreticaltime for 64 pixels, 8 bandseachand8 classesat 33 MHz
is: ((64/4)(8+2)+ 8 +1)/33Mhz= (16*10 +9)/33=169/33= 5.1 usIf we take into accountsynchronizatioriime,
0.43usthetotal time is the sumof theoreticalandsynchronizatiorime, 5.53us. Thus,we realizea speedup of
11.8X over the 1GHz machine.Note, the randomdatageneratedor thethe NB_PIXELS arrayis identicalin all
the numericalresultspresentedlf differentdatasetsareused,with less’randomnessin the data,the algorithm
will generallycorvergein fewer iterations but the B-loop time speedshouldnot vary.

5 Conclusions

We have demonstratethe mappingof adata-andcompute-intense algorithm,k-meansclustering to a hybrid
processoconsistingof a RISC processoaugmentedvith configurabldogic. We have experimentedwith three
approacheto acceleratinghek-meansnnerloopwith maximumspeedu@chievedof 11.8XoveraGHz machine.

One conclusionwe drav from theseexperimentsis that speedupcanonly be gainedby the Programmable-
RISC approach12] of substitutinghardware for shortsgmentsof sequentiainstructionsif thereis very fast
communicatiorbetweerprocessoanduserlogic. Thisis especiallytrueif the costof reconfiguratioris factored
in, which we did not considerin this experiment. For small granularitycustominstructions(lessthan100RISC
instruction),speedups notrealizableon the Excalikbur architectureandthereverseeffect mayoccur

Thehigherpay-of approachs to parallelizein hardwareat the loop level andto put overheadoperationsuch
asaddressalculationon the hardware. Evenwith this approachthe overheadof communicatingdatabetween
the processoanduserlogic remainsthe primary impedimentto higherspeedup.This limitation is overcomeby
usingdual port memorysothatthe softwarecanpassto the userlogic the addressesf the dataandresultarrays,
anduserlogic canaccesghosearraysasynchronously For the k-meansalgorithm, we can passthe pixel and
centerarrayaddressesndlet the hardware performpipelinedfetchof the pixel datadirectly. Softwarethenreads
backthe updatedcentersfor eachpixel. Usingdual-portmemoryin this way; it shouldbe possiblefor the hybrid
hardware/softvareto deliver anorderof magnitudespeedupver high performancesoftware-only
Acknowledgements: We are gratefulto KonstantinBorozdin for helping compile and dehug version1 of the
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